We investigate the practical use of comparative (template-based) protein models in replica-exchange simulations of single-domain antibody (sdAb) chains to evaluate if the models can correctly predict in rank order the thermal susceptibility to unfold relative to experimental melting temperatures. The baseline model system is the recently determined crystallographic structure of a llama sdAb (denoted as A3), which exhibits an unusually high thermal stability. An evaluation of the simulation results for the A3 comparative model and crystal structure shows that, despite the overall low C α rootmean-square deviation between the two structures, the model contains misfolded regions that yields a thermal profile of unraveling at a lower temperature. Yet comparison of the simulations of four different comparative models for sdAb A3, C8, A3C8 and E9, where A3C8 is a design of swapping the sequence of the complementarity determining regions of C8 onto the A3 framework, discriminated among the sequences to detect the highest and lowest experimental melting transition temperatures. Further structural analysis of A3 for selected alanine substitutions by a combined computational and experimental study found unexpectedly that the comparative model performed admirably in recognizing substitution 'hot spots' when using a support-vector machine algorithm.
Introduction
Mapping of the protein shape universe is thought to be approaching the asymptotic margin of finding new folds and many fold-type clusters are now populated by multiple family members of sequence identities that encompass a wide range. For members of a particular fold family that lack structural determinations unlike their neighbors in sequence space, comparative (template-based) protein modeling methods provide a powerful computational approach to predict unknown structures at the all-atom level. While these methods are popular and have proven beneficial in many applications (see, e.g. Ulrich et al., 1995; Hewitt et al., 1997; Power et al., 2013; Skolnick et al., 2013; Du et al., 2014; Zhang et al., 2014) , questions remain about their overall accuracy and the refinement of low-resolution models (Bordner, 2012; Raval et al., 2012; Olson and Lee, 2013a; Mirjalili et al., 2014) . Computational challenges of comparative modeling are nicely detailed in the Critical Assessment of Structure Prediction (CASP) meetings (Mariani et al., 2011; Huang et al., 2014; Moult et al., 2014) with the most noted being the availability of structural templates with ancestral linkage and the application of ab initio methods where sequence-structure alignments decline from optimal coverage.
A well-annotated class of protein folds that continues to be a target of comparative modeling and structure predictions is the variable domains of the immunoglobulin superfamily (Sivasubramanian et al., 2009; Sellers et al., 2010; Weitzner et al., 2014; Zhu et al., 2014) . Modeling methods and benchmarks are well described in the recent Second Antibody Modeling Assessment (Almagro et al., 2014) . A polypeptide fragment of the heavy-chain variable domain that has received considerable attention in biotechnology is the single-domain antibody (sdAb) derived from camelids (Saerens et al., 2008; de Marco, 2011) . Because of their overall thermal stability, sdAbs offer an interesting structural scaffold for testing ideas of sequence fitness.
Melting transition temperatures (T m ) of sdAb chains are typically in the range of 60-70°C (Conway et al., 2010; Turner et al., 2014; Walper et al., 2014 ). An outlier is a llama sdAb (designated as A3) which has a reported T m of 85°C (Graef et al., 2011) . Very recently, the X-ray crystallographic structure of A3 was reported by Legler and co-workers (George et al., 2014) . The A3 fold topology is the common assembly of two β sheets with a β-sandwich arrangement. Structural alignments with entries of the Protein Data Bank (PDB) show strong structural neighbors in fold space with high Z-score matches of other antibody structures. Differences are found in the complementarity determining regions (CDRs), as to be expected.
Given the newly determined crystallographic structure of A3, we explore the practical application of using a comparative model in a protein design of sdAbs. Here, a comparative model of A3 is predicted by the application of the Phyre2 server without any knowledge of the crystal structure. It is worth noting that our study is not a benchmark of comparative modeling techniques for antibody structures, nevertheless, Phyre2 consistently ranks among the top server-based fold recognition methods as judged by the CASP meetings (Kelley and Sternberg, 2009 ). We apply self-guided Langevin dynamics (SGLD) simulations (Wu and Brooks, 2003; Lee and Olson, 2010) combined with an adaptive temperature-based replica-exchange (T-ReX) method (Lee and Olson, 2011; Olson and Lee, 2014) to investigate the conformational differences between the comparative model and crystallographic structure. The purpose of our work is to evaluate the accuracy of the comparative model by computing the ease of which a structure unfolds under thermal perturbation relative to the crystal structure. While this measure of comparison is computationally demanding, it provides insight with respect to configurational stability and the accuracy of the model that goes beyond a typical structural alignment between two conformations.
To further assess the applicability of comparative models in sdAb design studies, three additional models (C8, A3C8 and E9) are investigated from the same fold family, and where for each the T m is known (Anderson et al., 2008; Zabetakis et al., 2013 ; and work reported here). The clones C8 and E9 are sdAb sequences unrelated to A3 and recognize a different antigen, while A3C8 is a de novo design of swapping the sequence of the CDRs of C8 into the A3 framework in an attempt to improve thermal stability (Zabetakis et al., 2013) . By modeling these additional clones, the central issue that we address is the ability to distinguish among sequences of sdAbs in thermal unfolding and their relative rank-order comparison to the measured melting temperatures.
In addition to mounting a sequence on a protein fold, comparative models can offer guidance for the design and interpretation of mutagenesis experiments. We use a combined computational and experimental approach to probe residue contributions that govern the thermal stability of A3. A comparison is made between the comparative model and crystal structure for alanine substitutions where changes in melting temperatures were experimentally measured by thermal denaturation. Different modeling methods are applied using statistical potentials to score conformations and two web-based servers to evaluate single-point mutations.
Methods
Comparative protein models were predicted by the Phyre2 server (Kelley and Sternberg, 2009 ) for sdAbs A3, C8, A3C8 (Anderson et al., 2008; Zabetakis et al., 2013) and E9 (Anderson et al., 2010) . Sequences for the A3, C8 and A3C8 are illustrated below in the Results and Discussion. For E9, the sequence is nearly identical to C8 and contains the important charge-deletion substitution of replacing D31 in CDR1 with a V31. For A3, CDR1 is defined as residues G26-G35, CDR2 as A50-G69, and CDR3 as A109-Y118. Corresponding sequences of the CDRs for the other sdAb chains can be taken directly from the structural alignments.
The X-ray crystal structure of A3 (using the B-chain conformer of PDB 4TYU and building the missing disulfide bond) and all comparative models were subjected to energy minimization by the method of steepest descent minimization for 50 steps using the CHARMM22 force field with the CMAP backbone dihedral cross-term extension potential (Mackerell et al., 2004) . Placement of the disulfide bond is conserved in the modeled sdAbs and was kept intact during all calculations.
Solvent effects were modeled using the generalized Born (GBMV2) implicit solvent model (Lee et al., 2003) . The GBMV2 parameters were set to values of β = -12 and P3 = 0.65 to smooth the energy surface. The hydrophobic cavitation term was modeled by applying the solvent-exposed surface area of the protein solute with a surface tension coefficient set to a value of 0.015 kcal/mol/Å 2 . Computational sampling was conducted by SGLD/T-ReX simulation method with the selection of parameters taken from previous studies (Lee and Olson, 2010; Lee, 2013a,b, 2014 ). An integration time step of 2 fs was used for all simulations. Non-bonded interaction cutoff parameters for electrostatics and vdW terms were set at a radius of 22 Å with a 2-Å potential switching function. Covalent bonds between the heavy atoms and hydrogen atoms were constrained by the SHAKE algorithm (Ryckaert et al., 1977) .
We apply an adaptive T-ReX algorithm first developed by Hansmann and coworkers , and Troyer and coworkers (Katzgraber et al., 2006) . Unlike the conventional method, the adaptive T-ReX method attempts to maximize the number of times that replica clients progress in round trips from the temperature extremes of T min to T max . Details of our algorithmic implementation are given in the earlier work on modeling protein unfolding-folding transitions (Lee and Olson, 2011) . The simulations were performed using the Multiscale Modeling Tools for Structural Biology (MMTSB) for implementing the CHARMM simulation program (version c33b2). Simulations were carried out using 24 replica clients for each protein structure to model the unfold-fold transitions with the frequency of exchanges set to every 1 ps of simulation. Because of the difficulty of finding a manifold of transitions for the A3 crystal structure, the T-ReX was augmented with a conformational search using 48 clients and the final data for analysis was extracted from 24 clients embedded within the larger client ensemble. As with previous structure refinement studies Lee, 2013a,b, 2014) , the lower and upper bound temperatures were set at T min = 300 K and T max = 475 K. Data for analysis consisted of a grand time of 1.2 µs.
The simulation trajectory data were analyzed by computing thermal unfolding profiles, energy-conformation density profiles and fraction of native contacts. For unfolding, detection of the fraction of native fold from the generated conformations was computed using a C α root-mean-square deviation (RMSD) criteria from the starting structure (crystal and/or comparative model). The RMSD cutoff for classification of native fold was set to 5 Å. The generated conformers were further analyzed in terms of their fraction of native contacts (f N ). For a given decoy structure, the native contacts are identified as all side-chain center-of-mass pairs (i,j), such that j > i and whose distances are less than a cutoff of 6.5 Å. Using this approach for each decoy conformation, f N is the number of native contacts in the decoy divided by the total number in the starting structure.
To probe which residues contribute to the unusually high thermal stability of the A3 sdAb, site-directed mutagenesis was applied for the construction of eight alanine mutants of the A3. Construction of the mutants was performed by using the QuikChange site-directed mutagenesis kit (Agilent); the mutations were confirmed by sequencing (Operon). Protein was expressed and purified from the periplasm using a combination of osmotic shock, immobilized metal affinity chromatography, and size exclusion chromatography as described previously (Anderson et al., 2008; Zabetakis et al., 2013) . Protein concentration was determined based on absorbance at 280 nm using a nanodrop 1000 spectrophotometer (ThermoFisher). Samples were stored refrigerated in phosphate buffered saline until characterization. The T m of each mutant was measured by circular dichroism (CD) using a Jasco J-815 CD Spectropolarimeter equipped with a PTC-423S Peltier temperature control unit as previously described Fig. 1 (a) Alignment of the crystallographic A3 structure (denoted by annotations of the CDR1, CDR2 and CDR3 structural regions) and the Phyre2 comparative model of A3 (structure showing a misfolded helical topology at CDR1 and the β-turn at CDR2). CDR1 for A3 is designated as residues G26-G35, CDR2 as A50-G69 and CDR3 as A109-Y118. (b) Alignment of comparative models of A3 and A3C8. (c) Sequence alignment from structural alignments, showing secondary-structure elements of the A3 crystallographic structure (denoted as A3-crystal) and A3 comparative model (denoted as A3-phyre2). Molecular drawings were made using PyMOL (Schrodinger, LLC) and the sequence alignment from the ENDscript server by Robert and Gouet (2014) . (Zabetakis et al., 2013) . The CD measurements were done at least in duplicate, often with several different preparations of the protein. The T m values estimated from replicate measurements made by CD were all within less than a half degree of each other.
To model the alanine substitutions of A3, four approaches were carried out by either the application of the simulation data or two webbased servers using as an input the crystal structure or comparative model. The web-based servers for modeling alanine substitutions included I-Mutant3.0 (Capriotti et al., 2005) and SDM (Worth et al., 2011) . For application of the simulation data, conformations were extracted at 300 K to represent the folded state and 475 K for the unfolded state. A residue site was selected of a given conformation and was mutated to an alanine by the application of MMTSB. This was followed by scoring the conformation by either dDFIRE energy function (Zhou and Zhou, 2002) or RWplus function (Zhang and Zhang, 2010) .
Results and discussion
Comparison of structural models Figure 1 shows the comparative model for A3 taken from the Phyre2 prediction (designated as A3-phyre2) and its structural alignment with the A3 crystallographic structure (designated as A3-crystal). The search of sequence-fold templates yielded 120 structures of immunoglobulinlike β-sandwich folds, all having modeling confidence levels of 100% for A3 predictions. The top-ranked five templates included PDB structures 3k3q, 2nxy, 1bj1, 1ri8 and 1dfb, with sequence identities that ranged from 47 to 67%. Of the 20 comparative structures modeled from Phyre2, the highest sequence identity was 70% for templates 2p49 and 1ol0, while the lowest sequence identity was 40% for 1n0x.
The pairwise structural alignment of A3-phyre2 with A3-crystal returns a C α RMSD of 1.6 Å for an aligned 121 residues of 129. While the Phyre2 comparative modeling of the A3 framework yielded good accuracy, the superposition of the two structures shows the comparative model to contain misfolded regions. This includes introduction of spurious α-helical segments and incorrect lengths of β-strands. In addition, conformational disagreement occurs at the more challenging prediction region of the long loop of CDR3 (viz., A109-Y118). A noticeable conformational difference between the two structures that leads to misalignment of the sequences is the region of P55 in a β-hairpin turn, which constitutes the CDR2. To place the modeling discrepancy from Phyre2 in better perspective, a search of fold space using the Dali alignment algorithm (Holm and Rosenström, 2010) with the A3-crystal as input returns structures from PDB with weak consensus in this fold region, leading to a poor set of available templates for modeling the β-turn. Because of the importance of the CDRs and their inherent difficulty in accurate predictions, ab initio and knowledge-based methods offer alternative prediction schemes for modeling loop regions (e.g. Zhu et al., 2014) .
Also illustrated in Fig. 1 is a comparison between A3-phyre2 and the comparative model of A3C8 (A3C8-phyre2). The development of A3C8 is by swapping the sequence of the CDRs of C8 onto the A3 framework. The C α RMSD is of 1.3 Å for an aligned 121 residues. The largest difference between the two models is the CDR3 loop placement, while there are minor differences in the arrangement of periphery secondary-structure elements. Depending on which decoys were selected from Phyre2, the C α RMSD between the C8-phyre2 and A3C8-phyre2 models is 1.2 Å, with significant conformational differences in positioning the CDR3. For comparison between C8-phyre2 and E9-phyre2, which contains the charge-deletion substitution of Asp for Val at residue position 31, the C α RMSD is 1.4 Å from aligning the selected models.
Modeling thermal unfolding profiles
Given the structural evaluations of the comparative models to the A3 crystal structure, the issue is whether the sequence differences fitted on the same fold topology can yield distinctions in estimates of thermal unfolding from the simulations. Figure 2 illustrates the thermal profiles calculated from the simulations for the four starting structures. Plotted are distributions of replica-exchange clients and their numerical fit yields the unfolding curves. The comparison between A3-crystal and A3-phyre2 reveals that the comparative model reaches a numerically fitted balance of native and non-native conformations at a relative thermal biasing perturbation f T = T/T unfold(A3-crystal) ∼0.94, where T unfold(A3-crystal) is the interpolated temperature at which the balance is estimated to occur for the crystallographic structure. For both structures, the thermal clients have percolated above and below the 0.5 fraction threshold. The important observation is that the crystallographic structure exhibits greater configurational stability at the earlystage perturbation due to its structural accuracy. Extending the sampling time should ultimately lead to convergence in the unfolding curves of A3-crystal and A3-phyre2, nevertheless, refinement of structural models to high resolution has proven to be a difficult challenge (Raval et al., 2012; Lee, 2013a,b, 2014) .
The thermal profiles for phyre2 comparative models C8, A3C8 and E9 are reported in Fig. 2 , and when compared with A3-phyre2, demonstrate that despite the moderate resolution of the comparative models, the simulations can discriminate among different sequences threaded on the same fold family. The profiles show both the C8-phyre2, A3C8-phyre2 and E9-phyre2 models to undergo thermal unfolding at lower biasing perturbations than A3-phyre2, which is overall consistent with the rank-order experimental melting temperatures of A3 T m = 85°C, C8 T m = 60°C, A3C8 T m = 72°C (Anderson et al., 2008; George et al., 2014) and E9 T m = 56°C (work reported here). Using as an approximate measure from the simulations, the relative ranking to A3-crystal (f T = 1) is A3-phyre2 f T = 0.94, A3C8-phyre2 f T = 0.89, C8-phyre2 f T = 0.86 and E9-phyre2 f T = 0.75. While there is ambiguity in numerical fitting the distribution of replica clients as a function of the thermal perturbation for C8 and A3C8, an alternative ranking based on which model system reaches complete unfolding at a lower perturbation shows C8 to be a sequence threaded on the fold with less configurational stability.
A different perspective of stability is given in Fig. 3 which illustrates the energy landscapes and conformations extracted from the simulations at a thermal bias of f T = 0.86 (selected from C8 profile). The results show that the A3-crystal conformation remains close to the starting structure, while two basins are observed for A3-phyre2 and reveal conformations with misfolded regions and no structure refinement to the fold arrangement of the A3-crystal. An additional ranking of sdAbs can be taken from the folding free-energy calculated at f T = 0.86, and yields for A3-crystal ΔG fold = −3.8 kcal/mol, A3-phyre2 ΔG fold = −1.1 kcal/mol, C8-phyre2 ΔG fold = 0.3 kcal/ mol, A3C8-phyre2 ΔG fold = −0.2 kcal/mol and E9-phyre2 ΔG fold = 0.9 kcal/mol. While the values are estimates due to biasing from the non-canonical dynamics of the SGLD/T-ReX simulation methodology (Lee and Olson, 2010) , correctly predicted is the rank order in alignment with experimental measurements and the simulations determined E9 to be the less stable.
Modeling native contacts
To better understand why the A3-phyre2 comparative model leads to considerable early-stage thermal unraveling and its limited refinement, the fraction of native contacts was computed for each conformation from the simulations extracted at the lowest-temperature client in the replica exchange (Fig. 4) . Rather than the application of the CHARMM22/GBMV2 force field to discriminate among conformers, the statistical potential dDFIRE was applied, which was selected based on its free-energy parameterization and general performance in decoy detection Lee, 2013a,b, 2014) . As observed in other studies, the initial fraction of native contacts is a determinant of protein structure refinement of near-native decoys (Olson and Lee, 2013a, b) . While the A3-crystal shows a funnel-type slope from misfolded structures to near-native conformations, the A3-phyre2 conformations are trapped in alternative states with no apparent linkage to a downhill-refinement regime.
Modeling unfolding of single-point mutations of A3
In addition to examining the comparative models, a stringent test of the simulation methodology is to determine if the simulations can detect differences in the onset of unfolding for single-point mutations of the A3 crystal structure. Figure 5 shows the alanine substitution Y98A with a reduction in the experimental melting temperature (−ΔT m ) of 10°C, compared with the mutant F29A with −ΔT m of 1°C and the wild-type A3. The calculations correctly predicted the early-stage unfolding of Y98A at f T = 0.93, while F29A and the wild-type A3 remained intact. Illustrated are structures extracted from the simulation trajectory. The structures suggest that the α-helix at F29 does not contribute significantly to thermal unfolding when mutated to Ala.
Mutations of A3
Because of the computational cost of performing replica-exchange simulations of thermal unfolding, much faster complementary methods are needed to help guide the use of simulation methods and their application to protein design. Figure 6 shows the predictions of alanine substitutions (ΔΔG mut-wt ) and their comparison with experimental ΔT m . In addition to Y98A and F29A, the substitutions and their measured experimental changes (−ΔT m ) are Y59A (3°C), R70A (11°C), S74A (2°C), D102A (1°C), M111A (9°C) and V116A (5°C). The positioning of each mutant in their structural environment can be viewed from Fig. 1 and each probes the side-chain contact of a given conformation, as well as differences between the model structure and crystal structure. Selection of the mutants were based on structural and sequence alignments with other known antibodies and determining levels of sequence tolerance.
Using both forms of A3 as input, four model calculations are presented using dDFIRE scoring of the wild type and mutants, scoring by the RWplus statistical potential and applying the web-based servers of I-Mutant3.0 (Capriotti et al., 2005) and SDM (Worth et al., 2011) . It is important to note that an assessment of predictors of changes in protein stability upon mutation for several different methods including I-Mutant3.0 has been reported (Khan and Vihinen, 2010; Thiltgen and Goldstein, 2012) and it was found that generally the correlation coefficient is <0.6. Moreover, the linearity in ΔΔG vs. ΔT m is only approximate and has been nicely illustrated for the mini-protein Trp-cage with multiple sequence mutations (Barua et al., 2008) . For the application of dDFIRE and RWplus, conformations for scoring were taken from the simulations at the lowest-temperature client and computed as statistical averages over the conformations, while only the crystal structure and comparative model were used in the two servers.
Our focus is on testing the methods in detecting the top three 'hot spots' of R70A, Y98A and M111A. We find that the server I-Mutant3.0, which is a highly parameterized support-vector machine algorithm, was the top performing method and was able to recognize the two most extreme mutants. The mutant F29A is a false positive and out ranked the mutant M111A, which ranked as fourth. Furthermore, the difference between server-based predictions using the A3-crystal and A3-phyre2 are generally smaller for the hot spots than the other methods, although this is not surprising in contrast to the simulations which move in conformational space and can produce significant conformational drift. One substitution where the gap is quite large is Y59A (∼2 kcal/mol difference), a region where the comparative model exhibits a misfolded segment.
Conclusions
We applied an adaptive temperature-based replica-exchange simulation method to explore differences in thermal unraveling between a comparative model and the crystallographic structure of the sdAb A3. While the approach of modeling thermal unfolding profiles as a measure of accuracy in comparative modeling is computationally demanding, it provides insight that goes beyond a simple pairwise assessment of the structural geometries of comparing the two starting conformations. In addition, we investigated the application of the replica-exchange method to sequence comparability of four clones mounted on the sdAb protein scaffold. The simulation results showed that the method was able to detect differences among the sequences and produced a rank order of configurational stability in agreement with ranking the experimental melting temperatures. Finally, a mutagenesis experimental study of A3 was performed using alanine substitutions to probe residue contributions that govern the unusually high melting temperature. Using the experimental changes in melting temperatures from the substitutions, a comparison of different modeling methods was assessed for the crystal structure and the comparative model in recognizing 'hot spots' of the A3 protein fold. assertions contained herein are the private views of the authors and are not to be construed as official or as reflecting the views of the US Army, US Navy or of the US Department of Defense. This article has been approved for public release with unlimited distribution.
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